LR S R

—METREMBNEGRERG A

w #% BME* T iE
G BRI S, (AR HE 266061)

T O ARA It MBI E AR G BB RARE S SRR AR IEZ @A X & BE ARG
M 0 By PRt . B S xR P S AT DI 4R S IL AR 4 K AT B MG g T R AR A, FUR s &8 ARG P R, KB M 4
89 2T e B P 0 AR AAR A BAR A AR @, 0 BAR6 BT R R R B AP A R BRI 2 K B 5 0 B g Aa o ed B
1% . % %) £ FASHION-MNIST ## CIFAR 10 # 45 % L3047 7 80, 236245 R AWK U or ik T AT IR BUE B ey A, 4

MBI T EERE GFBRFT RIFHBARE LR,
XB2IE: AR M dFAERIR

hE 442 TP391.41 HERFRIRAD: A
DOI:10.15966/j.cnki.dnydx.2020.06.004

1 31§

I JUAE , 0 22 O 28 R AH DG 90 WAIE T 2 122 3] (R AEAE
B AL, B 000 A B SRS 5 A ER AR 2 AN T L
HR, 3T P2 1 B 18 K & (Content - Based Image Retrieval,
CBIR)AF 5T 5 52 fik Bl T 25 90 28 IR i 2 ) 45 7 v sl 1 5%
FREN, I BFHAH AT B4 B T & A v B ST
S5 W AR E bR A AT Sy 04 {15 CBIR
HA R BRI 7 E L. 524 W 4% (Convolutional
Neural Network , CNN){E Ay £ X 25 75 [ 45 kb B 438 o 3.
() BB SR, TR P 4% 27 ) 3R A5 423 N VR0 = 2 R AE
RS T R 0 2 LA B B b ) A5 A0 ) SR AR R

R CNN BE M 1V 2 2T BURRHER T2kt
J3iE, W SIFT JHOG K PE LA B B ATIIRAFAE — BE AN 22
4b. CNNIEFEZ AN E, B AW E R4 —
FRYVIRFAE , INID S L DX 3 B A S0 51, 28387 27 > BB
FRAE o AR SZ, CNN X T G v 075 5 A8 48 2% 5] R 93022 , %
AHEISEG AN 2 EOC R, IF H b T B AR, Bk
T EE R ERHIE S S . Rk, N T R E G BN 2 K12 AL RE
77, i R UGS 38 1 7 U8 U R AR B UL, Sk v Y
28 (P R BE AR P T 2 Y8 /8 B 22 (90 U B I ) AN A i %

EEB 7 #(1993-) , %, WA R EA AL+, AR 7 v Ak .

XE%S: 1008 - 6609 (2020) 06 - 0014 - 05

o BBk, CNNIEZE 5 52 2 (A S BCES, 490 i DOs e 455
Tk,

AT B CNN f R BR 4 , Hinton 25 AW H 7 — P8
X % 43t ) — R B [ 2% (Capsule Network , CapsNet) , 51 i 5
22 I BN AS 1% B SR EUARIBAL ETE M 4% TR I /E ] . CapsNet
R H—HIRTETY S P 2 2584 . — AR FE R — M4 T, A
Jid B A7 T3 U SR R JE M IR E AR & s e T
EURRFE . 25 R 2 CNN (1) 58 A J AR 2 2 ) REAEAS U 25 11
SR S, e A UL 7E — M E WU B Za I 2R R E A
SR DAY B HoAb AL B, F X —Zh A R T IR BRI R
JZE S . 1M CapsNet A4k & T CNN &I P 25 3 AL s, ik
FH 1)t AR T bRt R R 23 DA E N A
MSEAAL X GIAETERNLERS , T % F U T RFE (K
WAL BT ik, B AR AE T BRI R iR s i o T
— AT R AR S TR UG AR 2% 7 T DA S AR 1 A RANAR
P XS X 248 P AT AT 3G R AR 0L T 67 A AR R B A R
K2 2 €771, CapsNet Y 7E MNIST i 45 LB S 7 #81d
CNN J7VE IR s L Red i 1) 7 S 26, IF BLAE B 2 8710
AR T BRI

ARSI FL ATy 2 HEN « 55 2 T4 Capsule I TVEIE
S LA Routing 5y (1 SE A AR s 58 3 T IR A SO 7 ik R TR

MEITVEE A E (1970-), 5,0 R & BA L4, 3%, T4 a1 o Bt &  BIEAR A 5 IRAF
HETH 2019 FF HAHE K FRF AR LI AR TAB, A B L4 L TRERSH SR Z A% B ARRHNFEHE, R E %

5 :X201910426241

- 14 -



b e LT s

PR 19X 28 &35 ) 2 VL5 G 2R B304 5 35 4 745 1EAT %5 T CapsNet (1)
PG R S0, I 0T S0 45 AT HLB BT s 57 5 35 s 45 AL
TAE.

2 MXRIE

2.1 JRFEHIT
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input_1: InputLayer

input: | (None, 28, 28, 1)
(None, 28, 28, 1)

output:

|

conv2d_1: Conv2D

input: (None, 28, 28, 1)
output: | (None, 14, 14, 256)

nput: | (None, 14, 14, 256)

batch_normalization_1: Batcl

- - output: | (None, 14, 14, 256)

put: | (None, 14, 14, 256)

conv2d_2: Comv2D 4

output: | (None, 7,7, 256)
input: one, 7, 7, 256,
batch_) _2: B: lizati = il :
output: | (None, 7,7, 256)

convert_to_caps_1: ConvertToCaps

input: (None, 7, 7, 256)
output: | (None, 7,7, 256, 1)

l

conv2d_caps_L: Conv2DCaps

input: | (None, 7,7, 256, 1)
oufput: | (None, 4, 4. 16, 16)

l

flatten_caps_1: FlattenCaps

input: | (None, 4, 4, 16, 16)
output: (None, 256, 16)

input: | (None, 10)
output: | (None, 10)

input_2: InputLayer

digit_caps: CapsuleLayer

input: | (None, 256, 16)
output: | (None, 10, §)

b |

nput: | [(None, 10, 8), (None, 10)]

mask_1: Mask
- output: (None, 80)

capsnet: CapsToScalars

nput: | (None, 10, 8§)
output: | (None, 10)

Bl AR MBS

nput: (None, 80)
decoder: Seq |
output: | (None, 28, 28, 1)
L.=T, max(o,m" +A (1= Ti)max( ” ” my (4)
TotalLoss = MarginLoss+qReconstructionLoss (5

3.3 ARSCHTRHAI PGS 2R Sk

AR A SC IR H (5 T CapsNet (1 BB R 3 Bk
RIBEA AT VRN . ERBR RS, ISR
A BGRB8, X Earh e 3
F 100 255 B R BEAT Z B0 S5, 10 R A PR S e 41 IR e o
B BIRAE e Jm — IR 1 9 2% (1) DigitCaps J= 4L
A, LLBO B TR SRR o ARG 5 AR T S bR 25 0
AT P v B BB AT 70 28 A5 B AN S I 1 BB L 15
FERE] EZEE b AOREG BRI 3 B — O 7 G e v
e, BAHEZ T BB e b B S B AL B . 72
K2 SR A5 DigitCaps J2 1 HIHFAE 2 HA 9 R I RFAE
) &, T MR 8] AR AE B, L2-Y B 9 R ARFALE 17 &
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A CAE FASHION-MNIST'RI CIFAR 10" 445 4 kAT
T B8 KR S8 . FASHION-MNIST #4545 H1 60000 731 25
&A1 10000 7 R UG AL, Fe 4 10438 AN #R
228 x 28 K B UG, R AR v o G sl 2 s . CI-
FAR10 G5 60000 7 32 x 32 M (L IEM5, iR 3 T & Fll S A
T EHE Y ZREE AL 5 50000 5K B4, MR AL 1% 10000 K ]
1B 3553 9 102850, B 5 rh (3 2 BB B8] 3 i . A
SCAE keras FRBE T HEAT 19451 25 DA B UGG 2R S0, SR
Adam {E A FE B 572, Epochs 247 100, Batch size [ /N
BN 128, 23] F B E 5 0.001, Routing IR FE E A 3.
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p=_ 1 6)

TP+ FP

Horr, e FoR R R B AR SR IEUE , Fp R R B
A AE R R R
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P 1 i ok DA TR o i A oG MR i B i, an A (7D
Fs

R

_ TP
TP+FN D

Hrp,rp R R B R ER ISR, PN s BB %
R A 2R B A R R OB . FE TS 5 Sk bRl < 18] 7Y
XERESE R U 4 TR o

Ba  wizkss oy Tim e =3 SKPRIE L H HY X R

HIBEFRAT 28t — R N R B VRO F AR Accuracy , 4 £
MRS EERME G, AKX @ iR,

Accuracyzﬂ
TP+FN+FP+TN

43 S R EE T

AT S AE FASHION-MNIST $4fi 45 b #E4T 1 W 45 4
RIS, BRI R RIS 3 E BRGNS, S 2S5
WEME IR BN HHA M B BB B
XAAEFH KRB P SHAR, EFE M BEF m =09,
m =0.LE% B m =0.95,m =0.05. BRI
I HHER R B LR W 5 R 0 B 2R AR 5B — N B R 4
FHER R, et il AR B AN B 23 28k A 2,
Al LU AT 30 AN A HA I GRid AR TR A7 R B Bl , ELAE SR AN
B o 8 KA 2R o 0 1 20 S A m] s 0o R R I AR e
FEAR o R 2, IR 0 fo v 2 S HE I ZR 1A 51 93.56%

%1 FASHION-MNIST HIZE# MRS
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1 3x3 1

e IR EEAT 9 A BB B KSR AT D e 151 PRI AR P
DigitCaps /= H [RHIE S U F N & IR AR A & . 255 7]
PRI PR 2 5 PR PR 2 o s — R R A 1) B DA
JS2FA TR SEAR RS, SR 5 o M4 TN SR 28 0 B A% P 45 v
BB HEAT 739, 75 B35S 20 10 1 IRTR 2R PR ) P4
R B P A R 2y BURE— SR B T B . R BRATTHE
I B S HE EBAR LR R i/ T AR LB (R ) 1
FEH] . AL L2- VU oy BGRHE 1) B 2 [A] 1 B
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TR 2% B 1) AR ALk EHEAE iR B EE , AR B0 25 HE 2
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N RAE CIFAR10 F% 45 b 4% M8 R RE (0420 R IEAT T 4%
FEI . R CIFAR10 H 1 &4 Lt FASHION-MNIST H
M EG NN EE MR R, N T BRI R R R 4
BUE B AR SCHE e ¥ CIFARI0 H (1) S R~ 32 x 32 x 3
HLH 64 x 64 % 3, K5 64 x 64 x 3 (1) EZ $5 N\ F] CapsNet fi 71 1,
AF L P 199 4% 25 R0 43 R F I 4 J2 4 OB RN 4%, % )2 K
SR EWR 2R BN LRt B2 1025 i = th £ o )&
6 FIT7N » AL I 2R ARER B — AN B 2 itk 2, 2t i 464X
REZAW B 2R, NE T LUE B — M B
20 /U Z5 JE A 73 28 TR M 22 42600T 80% , R PR 12 v AL TRY (1Y
WNGRBCR, Ja W hds ez T 4208 o IR EUAT 100 5K AR
B AH AL G AE D3 ] AR, TULRH L1 25 4 %6k 84.74 %
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HIATH BRI G, ARG AR %5 A A FRRE 1 B G AR AL A
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Optimization of WSN Coverage Based on Artificial Bee Colony Algorithm

ZHANG Jie SU Qian HAN Zhong-tai
(Shanxi Teachers University, Linfen 041000, Shanxi)

Abstract: The rise of Internet of things technology, wireless communication and computer technology in recent years has attracted
the scientific community's attention to wireless sensor networks, and the study of reasonable distribution coverage of detection areas.
It is also necessary to maximize coverage. Artificial bee colony algorithm is a kind of optimization method which imitates the bee be-
havior. It can obtain more superior convergence results for unconstrained numerical optimization problems. Because the existence of
artificial bee colony algorithm is easy to be limited to the local optimal solution, the process of the intermediate stagnation problem,
the need for a longer search time, an improved artificial bee colony algorithm is proposed, which can speed up the convergence
speed in the later stage. The improved artificial bee colony algorithm can effectively reduce the redundancy and prolong the lifetime
of the sensor network by optimizing the node coverage.

Keywords: Artificial Bee Colony Algorithm; wireless sensor network; cluster intelligence; coverage optimization
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ty of Toronto, Toronto. 2009.
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A Method for Image Retrieval with Capsule Network

HUANG Jing YANG Shu-guo* LIU Zi-zheng
(Qingdao University of Science and Technology, Qingdao 266061, Shandong)

Abstract: As an emerging network structure, the capsule network uses vector output instead of scalar output, which can capture the
spatial relationship between image features and improve the limitations of convolutional neural network. This paper firstly trains the
capsule network to achieve image classification, obtains the predictive label of the image, determines the category of the query im-
age, and then uses the feature parameters in the digital capsule layer of the network as the feature vector of the image. The feature
vector is used to find images similar to the query image in the category set of the query image. In this paper, experiments are carried
out on the FASHION-MNIST and CIFAR10 datasets respectively. The experimental results show that the proposed method can bet-
ter extract the features of the images and obtain good image retrieval results.

Keywords: image retrieval; capsule network; feature extraction
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